Objectives: To describe (1) the predictability of frequent emergency department (ED) use (a marker of inadequate disease control and/or poor access to care), and (2) the demographics, comorbidities, and use of health services of frequent ED users, among people with epilepsy.
Here, we studied the predictability of frequent ED use in a large urban population of people with epilepsy, using data from an HIE. We (1) described the bivariate relationship between baseline characteristics and subsequent frequent ED use, (2) applied several machine learning techniques to predict frequent ED use, and (3) selected a parsimonious prediction rule and evaluated its performance.
METHODS Study design. Via a retrospective cohort study design, we used demographic, utilization, and comorbidity data collected in 1 year to predict frequent ED visits in the following year in a group of 8,041 people with epilepsy. The Weill Cornell Medical Center institutional review board exempted analysis of this deidentified dataset from review.
Data. NYCLIX (New York Clinical Information Exchange) was an HIE network in New York from 2009 to 2012, when it merged with another HIE. NYCLIX linked patient records from 7 Manhattan hospitals, allowing us to track each individual's pattern of health service utilization over 2 years. Our data included visits to 7 of 13 Manhattan EDs, which handle approximately two-thirds of Manhattan's 800,000 yearly ED visits. 18, 19 Inclusion criteria. We included individuals who met the following 2 criteria: (1) at least one inpatient, outpatient, or ED visit from April 2009 to March 2010 at one of the 7 hospitals, and (2) one ICD-9 code of 345.x (epilepsy) or 2 codes of 780.39 (convulsions) on separate days, satisfying the International League Against Epilepsy's recommended definition of "probable epilepsy" in administrative data. 20 Predictor variables. Patient data included demographics (age, 3-digit zip code), visit history (ED, inpatient, and outpatient), radiology encounters, and comorbidities (ICD-9 codes collapsed into 33 comorbidities). 21 We created several care fragmentation variables by counting the number of different hospitals ("sites") that individuals visited for different services.
Outcome. We defined "frequent ED use" as 4 or more visits in a year-a cutoff often used in the ED literature. 6 We used a binary outcome to allow our statistical tools to produce interpretable probability estimates (i.e., the percent chance that a patient will have 4 or more ED visits in the next year). The cause of ED visit was not reliably recorded. Thus, we conceptualized an "ED visit" as any unscheduled hospital visit, and did not distinguish visits for epilepsy from visits for other reasons, or ED discharges from visits leading to inpatient admissions.
Characteristics of frequent ED users. We described the bivariate relationship between baseline characteristics in year 1 and frequent ED use in year 2. We stratified ED use in year 2 using 4 categories, based on conventions from the ED literature 6,22 and from findings described later in this report. Our choice of boundaries distinguished no visits from some visits, set 41 visits to indicate frequent use, and let 111 visits indicate heavy use. Thus, our 4 categories include "never" for 0 visits in year 2, "occasional" 1-3, "moderate" 4-10, and "heavy" 11 or more. We tested for significance using the x 2 and Pearson correlation tests as indicated.
Predictability. We randomly split the dataset in half, creating a test and training set each with 4,020 individuals. We explored 7 predictive modeling techniques, 23 in order to account for irregularities often encountered in health data, such as missing data, skew distributions, large numbers of variables, and nonlinear relationships among variables. We used several regression variants, which provide relatively easy-to-interpret results. These were (1) logistic regression with the best subsets algorithm for 1, 2, and 3 variables, (2) lasso (least absolute shrinkage and selection operator) logistic regression, and (3) elastic net logistic regression. We also used decision tree algorithms and geometric algorithms, which may provide more accurate predictions, although they are more challenging to interpret. These were (4) CART (classification and regression trees), (5) Random Forests, (6) AdaBoost, and (7) support vector machines. Each technique may improve predictions in different contexts. However, it is unclear a priori which method will work best to predict ED visits among patients with epilepsy. Additional information appears in appendix e-1 on the Neurology ® Web site at Neurology.org.
We evaluated models via 5 criteria: (1) classification error, (2) sensitivity, (3) positive predictive value (PPV), (4) calibration, and (5) area under the receiver operating curve (AUC). "Classification error" is the percentage of predictions that are incorrect. "Calibration" measures the error between predicted probability and observed proportion, as described in appendix e-1. Note that AUC often appears high when the outcome is uncommon or rare, because the specificity is high (i.e., true negatives are common).
We qualified AUC, sensitivity, and PPV with this rubric: ,0.6 poor, 0.6-0.69 fair, 0.7-0.79 good, 0.8-0.89 very good, and 0.9-1 excellent. We qualified calibration with this rubric: 0%-4% excellent, 5%-9% very good, 10%-14% good, 15%-20% fair, and .20% poor.
Choice of model. We chose the model with the smallest classification error for further analysis. Two models tied-we present the simplest here (one-variable model), and describe the other in appendix e-1 (lasso model).
One-variable model. A one-variable logistic regression model
based on the number of ED visits in year 1 performed as well as more sophisticated models. We thus performed 2 additional analyses to investigate the relationship between year 1 ED visits and year 2 ED visits. First, we determined the number of ED visits in year 1 that corresponded to a 50% or greater chance of frequent ED use in the follow-up year, in order to suggest a cutoff for a parsimonious prediction rule. We repeated this exercise among 5 subpopulations: children (18 years and younger), adults (19-64 years), seniors (651 years), Manhattan residents, and people living outside of Manhattan. Second, we created a mosaic plot to graphically illustrate the relationship between ED visit frequency in year 1 and ED visit frequency in year 2.
Statistical software. Our analysis was performed with the R software environment (version 2.15.1), 24 supplemented by several additional packages (appendix e-1).
RESULTS
Characteristics of frequent ED users. There were 8,041 individuals with epilepsy identified in year 1. In year 2, 491 (6.1%) visited the ED 4 or more times, including 395 (4.9%) with moderate use (4-10 visits) and 96 (1.2%) with heavy use (111 visits). Of the remainder, 1,543 (19.2%) had occasional ED use (1-3 visits) and 6,007 (74.7%) had none. Those who were adults (vs children or seniors), male, or who resided in the same borough as the study hospitals (Manhattan) were more likely to be frequent ED users. The number of ED visits, inpatient admissions, Table 1 Bivariate relationship between patient characteristics in year 1, and frequency of ED use in year 2 a Elsewhere
Utilization baseline year (year 1)
One or more brain MRIs Similar to other models, it had good AUC (0.86), good PPV (70%), very good calibration (7%), but poor sensitivity (25%). According to this model, any individual with 11 or more ED visits in year 1 had a 50% or higher probability of frequent ED use in year 2 ( figure 1A ). The threshold (11 or more) was the same in a subanalysis of adults only, Manhattan residents only, and non-Manhattan residents only; it was lower (9 or more) for children and seniors ( figure 1, B-F) . Of note, the model often underestimated the probability of frequent ED use in year 2 by moderate ED users in year 1 ( figure 1A) .
Receiver operating characteristic curves are presented in figure e-1.
The mosaic plot illustrates the trajectory of individuals with different numbers of ED visits in year 1. Among those with no ED visits in year 1, only 1% (47 of 4,641) were frequent ED users (41 visits) in year 2. Among those with 1 to 3 ED visits in year 1, 5.7% (149 of 2,614) became frequent ED users in year 2. Even among the moderate ED users (4-10 visits in year 1), only 29% (185 of 633) continued to be frequent ED users. However, among the heaviest ED users (111 in year 1), 72% (110 of 153) continued to be frequent ED users (figure 2). DISCUSSION First, we found several potential predictors for frequent ED use among people with epilepsy. Individuals who, in year 1, were adults (rather than children or seniors), male, Manhattan residents, frequent users of health services, users of multiple health systems, or had specific medical, neurologic, or psychiatric comorbidities were more likely to frequent the ED in year 2. Second, we demonstrated that visit history, basic demographics, and comorbidity information stored in an HIE network provides sufficient information to predict future frequent ED visitation among people with epilepsy with very good accuracy (AUC .0.85, PPV .70%) but with poor sensitivity (approximately 20%). The predicted probabilities were well calibrated, within 5 to 10 percentage points of observed probabilities. Third, we found that a single-variable model, which only used prior ED use, performed as well as more complex models. Heavy ED users (111 visits in a year) have more than 50% chance of frequent ED use in the following year. The threshold of "heavy use" is lower (9) for children and seniors. The performance of this prediction rule is similar to published predictive algorithms for frequent ED use, which tend to have good PPV but low sensitivity. 25 This indicates that a small group of repeat frequent ED users are easily identified; however, the majority of frequent ED use is challenging to predict. For example, a recent predictive model based on Medicaid data identified frequent ED users with a PPV of 66% and sensitivity of 23%. 25 Of note, that model included more than 40 variables, whereas our one-variable model performed just as well.
Our findings are relevant to care delivery. We identified an easily defined population with epilepsy to potentially enroll in interventions to improve outpatient care. The fact that prior ED visits were so strongly predictive of subsequent ED visits indicates that high-risk patients are already known to the health care system. These individuals could potentially be enrolled in care management programs at the time of an ED visit, a strategy shown to improve outpatient follow-up and reduce ED visits. 10 Alternatively, outpatient programs focused on patient education and care management can also be effective. 26 For people with epilepsy, emerging evidence suggests these strategies can improve seizure control, 27 lower ED visits, 27, 28 and reduce health care costs. 29 Although other variables in our study did not add predictive value, they are helpful to provide a clinical description of frequent ED users with epilepsy. These individuals are predominantly working age adults who live near the study hospitals (same borough, in our data). They often use multiple health systems for their care, and they frequently have psychiatric and medical comorbidities (e.g., depression, psychosis, or substance abuse; hypertension or pulmonary disease). Thus, successful programs might prioritize care coordination, work with local health care providers, incorporate access to psychiatric and general medical services, and seek funding from payers catering to working age adults (i.e., Medicaid, commercial insurance, or Accountable Care Organizations).
Our findings highlight the potential value of HIE networks to support health care utilization predictions for people with epilepsy, in alignment with the Institute of Medicine's suggestions to improve health information technology for people with epilepsy. 30 State and federal programs have increasingly looked to HIE networks to improve communication between unaffiliated providers. 17 This is important for frequent ED users with epilepsy because data collected from a single medical center may notably underestimate ED use, 14 and people with epilepsy often visit multiple centers. 15 Our work demonstrates that data collected by HIE networks can support accurate predictions. Future development of HIE networks might include delivery of prediction results to providers at the point of care, to identify individuals for interventions designed to reduce ED use.
We were surprised that utilization, demographics, and comorbidity information provided little additional predictive value, above the number of previous ED visits. One interpretation is that the other variables are statistically collinear with ED use, or in the causal pathway between current and future ED use. Alternatively, the comorbidity and demographics data may be insufficiently granular or of insufficient quality to contribute meaningfully to predictions of future ED use.
These findings suggest several areas for future research. First, our data did not include potentially Abbreviations: AUC 5 area under the receiver operating curve; CART 5 classification and regression trees; PPV 5 positive predictive value.
prognostic variables, such as laboratory and imaging results, medications, insurance status, physician notes, physician characteristics, outpatient care quality, or the structure of the care team. Future work should explore these data types, particularly to improve the sensitivity of predictions. Second, although our findings suggest ideas for interventions, such interventions need to be designed, implemented, and evaluated.
Third, although we selected individuals with 50% or greater likelihood of frequent ED use, this threshold could be modified based on financial considerations. A financial analysis would consider the "business case" for an intervention, incorporating the cost of the program, the number of individuals enrolled, and the expected effect on use of health services. 31 Fourth, it is unclear whether epilepsy is similar to other ambulatory care sensitive conditions. Like asthma, epilepsy is paroxysmal; like diabetes, epilepsy may require polypharmacy; but unlike congestive heart failure, epilepsy is not typically progressive. Further research could compare the predictability of frequent ED use among individuals with different diseases.
Fifth, it may be enlightening to understand the history of year 1 frequent ED users who did not continue to be frequent users (aside from those who moved away or died). Review of their cases may highlight successful existing interventions.
Several important limitations merit discussion. First, we must separate inference from prediction. A predictive model identifies individuals at risk of a poor outcome, but cannot provide conclusions about why those individuals are at risk. It remains uncertain why these individuals are using the ED. They may have poorly controlled epilepsy or more pressing unmet medical, psychiatric, or social needs causing this pattern of care-seeking.
Second, using ICD-9 codes to identify diseases is commonly known to be imprecise. The ICD-9-based definition of "probable epilepsy" endorsed by the International League Against Epilepsy has good sensitivity and PPV. 20 However, we likely included some people without epilepsy, such as people with migraine (346) miscoded as epilepsy (345), or people with multiple episodes of acute symptomatic seizures (780.39). Third, the generalizability of our predictions is unclear. New York City is the most densely populated geographic region in the country; our model may not work in other locations.
Fourth, frequent ED use is only one of several indicators suggesting an individual with epilepsy needs additional services. Vulnerable individuals might be identified via other important markers of inadequate disease control (multiple medications, multiple inpatient admissions) or of poor access to care (distance to nearest hospital, availability of neurologists).
In conclusion, people with epilepsy who are currently heavy ED users (111 visits in a year) are at highest risk of continued frequent ED use in the following year, and therefore may benefit from health services interventions.
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Figure 2
Distribution of the number of ED visits by 8,041 people with epilepsy in 2 sequential years, stratified by number of visits in year 1 (baseline year)
Left boxes represent the distribution of emergency department (ED) visits in year 1. Individuals with heavy use (2%; n 5 153) visited the ED 11 or more times (red), moderate use (8%; n 5 633) 4 to 10 times (orange), occasional use (33%; n 5 2,614) 1 to 3 times (lighter blue), and no use (58%; n 5 4,641) 0 times (darker blue). The right boxes represent the number of ED visits in the follow-up year, stratified by the frequency of visits in year 1. For example, among the 153 people with heavy use in year 1, 60 were again heavy users, 50 moderate, 14 occasional, and 29 no use. Orange and red together represent "frequent ED users" ($4 visits in a year).
